This paper examines the effects of taking more high school math and science classes on wages, the likelihood of entering a technical job or a job traditional for one's sex, and the likelihood of choosing a technical college major or a major traditional for one's sex. Results from two data sets show that taking more high school math increases wages and increases the likelihood of entering technical and nontraditional fields for female college graduates. No significant impact from taking more high school math is consistently observed for other workers and high school science courses have little effect on these outcomes.
INTRODUCTION
Labor force projections for the coming decade, including those made in the influential book, Workforce 2000 (Johnston and Packer, 1987) , indicate that growth in employment demand will be concentrated in the highly skilled service sector. Employment in occupations such as "Natural, Computer, and Mathematical Scientists" and "Health Diagnosing and Treating Occupations" is expected to increase by more than 50 percent by the year 2000. The same projections indicate that workers without technical (i.e. mathematical and scientific) skills will be left behind by an economy increasingly demanding these skills.
These projections have additional implications for future trends in the wage gap between men and women. Traditionally, women acquire less technical training (c.f. Sherman and Fennema, 1977) and are less likely to choose technical careers (c.f. Reskin and Hartmann, 1986) than men. Differences in the level of training in math and the sciences may therefore contribute to the wage gap between men and women. In fact, one study shows that, even though women earn roughly 70% of what men earn, women without children who have taken at least eight college credits in math and science earn approximately the same as equally educated men (Adelman, 1991) . If women's training patterns persist and labor demand shifts towards more technical fields, one could project a growing wage differential between men and women.
In addition, American students perform worse than their peers in other industrialized countries on standardized exams of math and science. A recent compilation of international comparisons in student math and science exam scores shows that Americans are at or near the bottom in virtually every exam administered (Digest of Education Statistics, 1991) . If the skills learned in these subjects are positively related to a worker's productivity, then American firms may be at a competitive disadvantage as these students enter the workforce.
These circumstances suggest that the educational system should encourage students, and particularly girls, to increase their technical training by taking more math and science courses in school. Intervention at the high school level, in particular, may be advantageous for two reasons. First, states largely control the curriculum and services provided to high school students and intervention at this level would be considerably easier than at the college level.
Second, since about half of high school students do not go on to college, more students would be exposed to the potential benefits if the additional training occurred at the high school level.
Evidence of the benefits of taking more math and science in high school, however, is limited. The existing literature provides surprisingly little evidence on the returns to different components of the high school curriculum aside from vocational training (Altonji 1992; Rumberger and Daymont 1984, are exceptions) and no studies that we know of differentiate returns by gender.
The purpose of this paper is to fill in some of this gap by examining the effects of more technical training in high school on educational and labor market outcomes for men and women. We examine whether taking more high school math and science classes leads to higher subsequent labor market earnings. Since earnings are affected by educational and occupational choices, we also consider the effect of technical curriculum on an individual's propensity to obtain employment in a technical occupation or in an occupation traditional for one's gender, the likelihood of continuing on to, and graduating from, college, and the likelihood that college graduates choose majors which are technical or traditional for one's gender.
We use two data sources, the National Longitudinal Survey of Youth (NLSY) and the 1980 cohort of High School and Beyond (HSB), to examine these issues. Our findings from both data sets consistently indicate that additional high school math classes have an effect on educational and labor market outcomes for female college graduates. Results for other groups of workers are less consistent regarding the effects of taking more high school math. On the other hand, high school science classes appear to have very little impact on most of the outcome measures considered here for both men and women in both data sets.
METHODOLOGY
This section of the paper discusses the models estimated and the potential econometric problems inherent in these models. Since we are interested in different outcome measures, several models will be estimated. For the purposes of brevity and simplicity of notation, however, we restrict the formal model specification and the discussion of potential econometric problems to the wage models. Extensions to the other outcome measures are straightforward.
To examine the effect that additional math and science courses would have on a worker's wage we estimate OLS regression models of the form:
(1) i = 1, ..., N g ; g = 1, 2 ln W i = X i β 1gj + F i β 2gj + C i β 3gj + e i ;
(2) i = 1, ..., N gj ; j = 1, ..., 3 ; ; g = 1, 2 where ln W i is the natural log of wages, X i is a vector of observed individual characteristics, such as education, age, and marital status, F i is a vector of family background characteristics, such as parents' education or number of siblings, C i reflects the number of courses taken separately in math and science, i indexes individuals, g indexes gender, j indexes levels of educational attainment (high school graduate, some college, or college graduate; workers who have not graduated from high school are not included in the analysis as discussed below) and N represents the number of respondents in each gender/educational attainment group. The vectors of estimated slope coefficients, _ 3 , would then provide a ceteris paribus estimate of the effect of taking one extra math or science class on the log wage.
There are econometric problems inherent in estimating models of the forms specified in equations (1) and (2), many of which have been discussed at length in Altonji (1992) . The underlying difficulty is the possibility that relevant characteristics have been excluded from these equations leading to biased estimates of β 3 , the vector of curriculum coefficients. If, for example, an individual's ability affects her earnings but no measure of ability is included in the regression equation, then, if more able workers take more math and science courses, the estimate for β 3 will be biased upward. More formally, an alternative specification of equation (1) or (2) may take the form:
where A i represents unobserved ability that influences wages and all other notation is the same as above. Subgroup subscripts are dropped here and for the remainder of the discussion for convenience. If α 4 > 0 and cov(C i , A i ) > 0, then _ 3 will be biased upward.
To control for this source of bias as best we are able, we employ extensive measures for all three categories of explanatory variables expressed in equations (1) and (2). An additional set of explanatory variables which we consider to control for these unobservable differences is a vector of test scores which are intended to measure an individual's aptitude in different areas, including math and science. In this case, the model that we estimate is:
where S i represents an individual's test score and all other notation is as above. This approach is also used by Altonji (1992) , Kane and Rouse (1993) , and Blackburn and Neumark (1993) , among others. Test scores may proxy technical ability and help reduce the upward bias created by unobservable characteristics. Including these test scores, however, poses additional problems (see Griliches, 1977) . First, it is possible that students who take more math and science classes learn material which can be used to improve their performance on standardized exams. More formally, a model of test performance may take the form:
Treating the coefficients as scalars and solving for A i in (5), then substituting into (3) yields:
which has the form of equation (4). The coefficient, β 3 , will equal the true effect of curriculum on wages, α 3 , if curriculum has no impact on test scores, ceteris paribus (γ 3 = 0), or if the observed personal characteristics perfectly control for differences in ability (α 4 = 0). If γ 3 > 0 and α 4 > 0, however, a negative bias will be imposed upon _ 3 . Second, OLS estimates of β 3 will be negatively biased because the error term in equation (4) is negatively correlated with S i .
While an instrumental variable procedure could correct this problem, no instruments valid for this purpose are readily available. To examine the sensitivity of the results to these potential problems, we discuss the results of estimating equations (1) and (2) with and without controlling for test scores.
Another technique to control for the bias introduced by unobservable characteristics is to employ an instrumental variable procedure. Using this approach, variables correlated with curriculum but uncorrelated with the errors in the outcome equations are used as instruments for the curriculum variables. Altonji (1992) has done this using the mean number of courses taken in each subject in the respondent's high school as the instruments in his analysis of the returns to high school curriculum. As Altonji points out, however, such variables are not ideal instruments because high school means may proxy things like unobservable family background characteristics or school quality that are related to subsequent wages.
The format of the HSB data allows us to apply Altonji's approach here (high school identifiers needed to estimate the mean number of classes taken within a high school are not available in the NLSY). As reported below, we find results which are not statistically significantly different from the OLS estimates primarily because of the large standard errors on the estimated IV coefficients. Altonji obtained similar results. We have also tried other variables as potential instruments such as the demographic composition of the students and faculty in a respondent's school, and state graduation requirements. In all of our findings these instruments appear to be inadequate as parameter estimates become wildly imprecise. Without obvious alternative instruments that could provide more precise estimates, this technique cannot adequately address the biases present here.
Using data on siblings is yet another approach that could be applied to correct the potential problems created by omitted personal characteristics. (for other applications of this approach, see Ashenfelter and Krueger 1992; or Ashenfelter and Zimmerman 1993) . For instance, equation (3) may be modified to represent the wages of two siblings, i and k. If omitted personal characteristics are equivalent within families (A i = A k ), then taking the difference between siblings in all variables and estimating this differenced model would yield unbiased coefficient estimates. Such an approach is possible using the NLSY data since sampling is based on family units. Unfortunately, our attempts to apply this approach were hindered by the relatively small number of sibling pairs that are observed in the sample (less than 500). Parameter estimates obtained from these sibling pairs are erratic and very imprecisely estimated and, therefore, are not reported here.
A final problem that may exist is that curriculum choice may be endogenous to many of the outcome measures considered here. A student who aspires to be a doctor, a high-paying occupation, will likely understand the need to take more math and science classes in high school to fulfill his/her goals. In this case, the causality is reversed from outcome to high school curriculum. Estimation results will be biased towards showing a strong positive effect of math and science classes on outcomes. Again, an instrumental variable procedure could correct for this potential form of bias, but the lack of appropriate instruments prevents us from taking this approach.
This section has indicated the econometric methods employed in this analysis and has spelled out an assortment of problems which may potentially bias the results. In light of these empirical problems, the quantitative findings reported below should be interpreted with caution.
Nevertheless, this paper provides important contributions. First, it catalogs many of the potential empirical pitfalls confronting the researcher. Second, it explores a variety of procedures that could possibly overcome these limitations. Third, it presents empirical findings upon which future work can build.
DESCRIPTION OF THE DATA
This section of the paper will provide an overview of the two data sets employed in the paper. Besides the general characteristics of the data, a discussion of the curriculum variables and test score measures is presented here. Additional details regarding the creation of the dependent variables used in this analysis are provided in the data appendix.
We use two longitudinal data sets to estimate the models presented above: the National Longitudinal Survey of Youth (NLSY) and the 1980 cohort of High School and Beyond (HSB).
The NLSY first interviewed 12,686 men and women between the ages of 14 and 21 in 1979. At the time this project began, data from subsequent interviews were available through 1990 for respondents of this survey. By this point respondents are 25-32 and have largely entered the labor force. The HSB data collected information on over 10,000 seniors in high school in 1980 and reinterviewed them in 1986. While a large proportion of respondents in this sample have entered the work force they are still relatively young and measures of labor market outcomes may contain a larger transitory component.
These data have similar characteristics which allow us to address the questions and estimate the models presented above. Each data set contains a wealth of information on the labor market history of the respondents, including data on their wages and occupations.
Information has also been collected on the respondents' educational experiences after completing high school, including the major field of study chosen for those who went on to college. An extensive array of personal information on the individual and on his/her family is also available.
Both data sets also include sampling weights to counteract the oversampling of minorities and, in the NLSY, poor whites.
The most important characteristic of these data for the purposes of the analysis conducted here is that useable high school transcript data is available for all HSB and almost 9,000 NLSY respondents, respectively. Since the courses each respondent took come from their high school transcript and are not self-reported, these data should be quite reliable. The transcript data are not perfect, however. The HSB data has been standardized so that each course listed is the equivalent of a year-long course, but coding of the number of classes taken in a particular subject is not perfectly continuous. The codes 0-7 represent the number of half-year courses in a subject (i.e. a value of 6 represents 3 year-long courses) and a code of 8 represents four or more
year-long courses. We assume that the number of students taking more than the equivalent of four years of courses in a particular subject to be small and ignore the discontinuity in this variable.
Curriculum data from the NLSY have a different problem; information on course length is incomplete so it is difficult to compare the number of courses taken across students. For example, algebra may be recorded as two half-year courses for one student and one full-year course for another. To get around this problem, we assume that all courses in which a student enrolls are the same length within his/her own record. We then compute the percentage of classes taken in math and science for a student which can be compared across students.
Both data sets contain information on a student's aptitude/achievement in math and science. The Armed Services Vocational Aptitude Battery (ASVAB) was administered to all respondents of the NLSY (Bishop 1992 , provides a detailed discussion of the ASVAB). In our analysis we use both the Armed Forces Qualifying Test (AFQT) score, which is a weighted average of four component scores from ASVAB, and scores on seven of the sections individually that relate to academic (rather than vocational) ability. Respondents of the HSB were administered an alternative battery of tests, including sections on vocabulary, mathematics, and reading. We consider each of these scores separately along with a composite score indicating the quartile of the respondent's overall score.
Finally, some restrictions were made to the data sets to arrive at the final samples used in estimation. In the NLSY, we first restricted the sample to the roughly 7,000 respondents who were surveyed in 1990 and graduated from high school (because curriculum information is difficult to interpret for high school dropouts). The few high school seniors surveyed in the HSB that did not graduate were also dropped from the sample. We then restricted the sample to workers who were employed full-time for the full year in 1990 in the NLSY (about 5,000 respondents) and 1986 in HSB (about 7,000 respondents). Our final sample sizes of 3,920 workers in the NLSY and 5,493 in the HSB represent those remaining in the sample who reported earnings. Sample sizes used in the regression analysis are somewhat smaller because of missing observations on different explanatory variables.
DESCRIPTIVE STATISTICS
Before presenting the results of our estimation, we provide a descriptive analysis of the data. Columns 1 and 2 of Tables 1A and 1B present means of the variables used here for all men and women separately in each of the two data sets. In the NLSY (Table 1A) , we find the common result that a significant wage gap exists between men and women; women only make 74% of what men make in this sample. Education is probably not a good explanation for this wage gap since women actually have completed slightly more years of schooling than men.
There is a small difference in the curriculum and test scores, however. Men take about two percent more math and science classes than women do and appear to perform better on the math and science related components of the ASVAB.
Similar results are found in the HSB data (Table 1B) . A significant wage differential between men and women is apparent (the ratio of women's to men's earnings is 82%), although it is smaller than that observed in the NLSY data because the HSB respondents are younger. As in the NLSY data, men take about one-half of a year more of math and science than women do and they also perform better on the math component of the achievement tests. There is no difference in the reading and vocabulary component between men and women.
To provide a baseline estimate of the effect of taking additional math and science classes on wages, we first present simple regressions of log weekly wages on the percentage/number of math and science classes taken by gender. Results from both data sources indicate that wages rise with additional training in math and science when no other explanatory variables are included (see Table 2 ). In the NLSY data, assuming that an additional half-year course would represent a 2% increase (i.e. assuming the student took 25 classes in high school), an additional Tables 1A and 1B reports the mean values of worker characteristics separately for those men and women who have taken an above-and below-average number/fraction of classes in math and science. There are clear differences between the two groups of workers among both men and women. Above average workers come from better-educated families, score better on standardized exams, and are more likely to graduate from college. Since these other factors may be associated with higher earnings, we need to control for them in estimating the returns to additional training in math and science.
EFFECT OF CURRICULUM ON WAGES
Tables 3A and 3B present the estimation results from equations (1) and (2). These models separate workers by gender, and then by gender and educational attainment, and indicate the effect that additional math and science courses have on wages controlling for other personal and family background characteristics.
Our findings are roughly consistent across data sets. In both data sets and across different specifications, additional courses in math appear to increase wages for women who have graduated from college (F-tests indicate that we can reject the null hypothesis that the coefficients are equal across educational attainment levels and between men and women). (1) and (2) Estimates obtained between the two data sets are somewhat different. In the NLSY (Table 4A ), women who have taken more math classes enter jobs that are statistically significantly (at least at the 10% level) more technical using each of the DOT indices. Results by educational attainment indicate that women who graduate from college and take more math are significantly more likely to enter jobs with a higher GED math index. In addition, more math classes increase the length of training time required (SVP) for jobs entered by female high school graduates. Additional math classes do not significantly affect the technical nature of the job for men and the number of science classes is not significantly positively related to any of these DOT measures for any group in the NLSY.
Estimates from the HSB data (Table 4B) Tables 4A and 4B also examine the likelihood that an individual enters a job traditional for his/her sex. Since male-dominated jobs tend to require more technical skills and pay more than female-dominated jobs, if female college graduates who took more math and science were less likely to enter traditional occupations, this could explain part of their higher wages. Our findings, reported in columns 7 and 8, suggest that more math classes do indeed reduce this probability for college-educated women in the HSB data. An additional half year of math reduces the probability of entering a traditional job by almost five percentage points in these data. Male college graduates in the NLSY data set who have taken more math classes in high school appear to be more likely to enter traditionally male-dominated occupations. The traditional nature of one's job appears to be unaffected by additional math training for men and women with less education and unaffected by additional science classes for all workers.
Tables 5A and 5B examine the effect of technical curriculum on educational outcomes.
Columns (1)- (4) consider the effect on the probability of attending college and of graduating from college for those who attend. Again, results from the NLSY and HSB are somewhat different. In the NLSY, men who take more math or science classes are more likely to attend college. These men, however, are not significantly more likely to graduate from college once enrolled. Women who take more math and science are not significantly more likely to either attend college or graduate from college. On the other hand, women in the HSB that take more math are estimated to be more likely to attend college and graduate once enrolled. No such effect is observed for women who take more science classes.
Columns (5)-(8) of Tables 5A and 5B examine the choice of college major for those who graduate from college, considering whether it is technical in nature and whether it is traditional for the respondent's gender. Both of our data sets provide roughly consistent results in this area. We find that additional math classes increase the probability that women who graduate from college, major in technical fields and in fields that are not typically dominated by women.
In the NLSY data, a 2% increase in high school math classes (roughly one-half year) leads to a three percentage point increase in the probability of majoring in a technical field and almost a three percentage point reduction in the probability of choosing a traditionally female major. In the HSB data, an additional half-year course in math similarly leads to about a three percentage point increase and four percentage point decrease in the probabilities of choosing a technical or traditional major, respectively.
There is less consistent evidence that these effects occur in response to additional science courses or for men. Additional science classes for women appear to be weakly associated with both an increase in the probability of majoring in technical and traditional fields. This relationship can be largely explained by those women who are planning on becoming nurses, which requires a good deal of science and is a very female-dominated field. When we restrict our sample to women who do not eventually become nurses, estimated coefficients on science classes become noticeably smaller and uniformly statistically insignificant.
CONCLUSIONS
This paper has examined whether taking more math and science classes increases a worker's wages, affects the type of job they go into, or influences their educational outcomes.
While the specific results differ somewhat between the two data sets employed for these purposes, there are several consistent findings. We find that additional high school math classes increase the wages of those women who eventually go on to graduate from college.
Both data sets show that, overall, women who have taken more math and science tend to enter more technical jobs, although results for subsamples of women with the same level of educational attainment are somewhat weaker. Finally we find that among women who graduate from college, those who take more math in high school are more likely to major in a field which is more technical and nontraditional. Findings for men are rather inconsistent across the two data sets. In both data sets and for men and women, high school science classes appear to be play no significant role in determining many of the outcomes, including wages, considered here.
These results indicate that policies designed to increase the level of training in math and science may affect some educational and labor market outcomes, but these effects are far from universal. In particular, those workers with less education, for whom advancing technology may leave at a competitive disadvantage, will apparently receive little benefit from such a policy.
Moreover, even though the group who apparently stands to gain the most are women who go on to graduate from college, the overall benefit for women is quite small. Our findings indicate that equalizing the level of technical training for men and women will have a negligible effect on the wage gap. Unless the returns to the technical components of a high school curriculum change significantly in the coming years, policies designed to assist workers with less education and reduce the earnings disparity between men and women should focus elsewhere.
It is important to remember, however, that the results of this analysis should be interpreted with caution. First, there are still some econometric problems which may have biased the estimated returns to math and science classes, although Altonji (1992) argues that the bias is more likely to be towards finding effects which are "too big." Second, this research concentrates on the amount of math and science classes taken, not the quality of those classes.
It is possible that students who learn more in the math and science classes they take earn higher wages, move into more technical jobs, etc. In addition, this effect may differ for men and women. Additional research investigating these shortcomings is necessary before stronger conclusions can be drawn.
DATA APPENDIX
Some additional data needed to be merged onto the NLSY and HSB data sets to create the dependent variables employed in this analysis. One of the dependent variables represents the likelihood of an individual obtaining a job traditional for his/her sex. We define an occupation to be traditional if the percentage of people employed in the respondent's occupation that are the same sex as the respondent is greater than 70% (results are robust to alternative cutoffs). Information on the fraction of men and women in each occupation was obtained from Models of the likelihood of choosing a traditional or technical college major for those who graduate from college also require definitions of these types of majors. Technical college majors have been defined by inspection and include the following broad groups of majors:
agriculture and natural resources, biological sciences, engineering, health professions, mathematics, military sciences, and physical sciences. A major is determined to be traditional in an analogous manner to an occupation: if more than 70% of the degree recipients in the respondent's major are the same sex as the respondent then the major is defined to be traditional.
Data on the sex composition of degree earners in each college major are obtained from The continuously, but as an index ranging from 1 to 9. SVP level 1 jobs requires "a short demonstration only," SVP level 4 jobs require 3-6 months, SVP level 6 jobs require 1-2 years, and SVP level 9 jobs require more than 10 years. Notes:
1 GED reasoning and GED math are indices proxying the technical requirements of an occupation. Specific Vocational Preparation is the average length of training time an individual needs to perform an occupation. See the Data Appendix for a more detailed description of these measures.
2 Sample restricted to college graduates. 3 Means for parent's characteristics are presented for those parents present in the household and, for the labor market variables, those in the labor market. In the analysis to follow, these variables are interacted with interacted with a dummy variable indicating if the parent is present in the household and, for the workforce variables, whether the parent worked. Notes:
2 Sample restricted to college graduates. 3 Means for parent's characteristics are presented for those parents present in the household and, for the labor market variables, those in the labor market. In the analysis to follow, these variables are interacted with a dummy variable indicating if the parent is present in the household and, for the workforce variables, whether the parent worked. The personal and family background characteristics that are included in each model are listed in Table 1A . All estimates are weighted by the inverse probability of being in the sample. The sample is restricted to full-time, full-year workers who have graduated from high school.
2 These models include dummy variables indicating whether an individual attended college or graduated from college. 3 All test scores are normalized by the respondent's age at the time the tests were administered. The personal and family background characteristics that are included in each model are listed in Table  1A . All estimates are weighted by the inverse probability of being in the sample. The sample is restricted to full-time, full-year workers who have graduated from high school.
2 These models include dummy variables indicating whether an individual attended college or graduated from college. 3 Two stage least squares models instrument the number of math and science classes taken by an individual with the average number of classes taken by all students in the respondent's high school. Table 1A . 2 GED reasoning and GED math are indices proxying the technical requirements of an occupation. Specific Vocational Preparation is the average length of training time an individual needs to perform an occupation. See the Data Appendix for a more detailed description of these measures. 3 Dummy variable equal to unity if worker's occupation is traditional for his/her gender (defined as greater than 70% of the workers in that occupation are the same gender as the worker) and zero otherwise. The sample is restricted to full-time, full-year workers who graduated from high school. All estimates are weighted by the inverse probability of being in the sample and each model includes the individual test scores, personal characteristics, and family background characteristics as listed in Table 1A . 2 GED reasoning and GED math are indices proxying the technical requirements of an occupation. Specific Vocational Preparation is the average length of training time an individual needs to perform an occupation. See the Data Appendix for a more detailed description of these measures. 3 Dummy variable equal to unity if worker's occupation is traditional for his/her gender (defined as greater than 70% of the workers in that occupation are the same gender as the worker) and zero otherwise. The sample is restricted to full-time, full-year workers who graduated from high school. 4 These models include dummy variables indicating whether an individual attended college or graduated from college. 
CURRICU LUM
(1) Men
(2) Women 1 All estimates are weighted by the inverse probability of being in the sample and each model includes individual test scores, personal characteristics, and family background characteristics as listed in Table 1B. 2 Dummy variable equal to unity if worker attended some college. 3 Dummy variable equal to unity if worker graduated from college. The sample for this model is restricted to full-time, full-year workers who have attended some college.
